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Abstract
In the time of digitalization the demand for
organizational change is rising and demands ways to
cope with fundamental changes on the organizational
as well as individual level. As a basis, learning and
forgetting mechanisms need to be understood in order
to guide a change process efficiently and successfully.
Our research aims to get a better understanding of
individual differences and mechanisms in the change
context by performing an experiment where individuals
learn and later re-learn a complex production process
using a simulation setting. The individual’s
performance, as well as retentivity and prior knowledge
is assessed. Our results show that higher retentivity
goes along with better learning and forgetting
performances. Prior knowledge did not reveal such
relation to the learning and forgetting performances.
The influence of age and gender is discussed in detail.

1. Introduction
Increasing digitalization influences the way we work
by introducing new technologies. These technologies
evolve quickly leading to constant changes in working
routines. Consequently, those changes in our working
environment lead to adoptions in how we act in new
working contexts [1]. In order to adapt efficiently,
employees need to establish new working routines
constantly. This requires the ability to learn new
working routines and to forget old, obsolete knowledge
[2]. As a main part of the Work 4.0 development
includes a digital connectivity between all parts of the
value chain, many changes will be experienced within
all sorts of production environments [3]. In order to
properly face those transformational processes of the
work environment, both the organization as well as the
people involved need to be equipped and prepared in a
best possible way.
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Research about change processes has existed for
decades and has made huge steps from merely analyzing
processes to a complex interaction of process, time and
context [4]. Various disciplines get intertwined to
analyze the complex mechanisms of change, as it
includes the organizational perspective of processes and
individual mechanisms of the employees [5]. Coming
from this dual perspective, we like to understand how
changes in working processes go along with individual
markers of those people enacting the change. Learning
is a basic prerequisite of the individual for any change
process, and, as we will argue later, also the forgetting
process. As the ability to acquire new knowledge is
highly intertwined with cognitive abilities like
retentivity [6] and former knowledge [7], we like to
focus on the interplay of those abilities. In the present
paper, we examine the role of retentivity and previous
knowledge and its influence on learning and intentional
forgetting in the working context using the example of a
production environment.

2. Related Literature
2.1 Learning
Organizational knowledge is one of the primary
success factors of a company [8, 9]. It consists of all
knowledge, skills, data and information an organization
and thus its members entail [10]. Establishing new
working routines requires changing organizational
knowledge both by the processes of learning and
forgetting [11]. Research on organizational learning
began in the early 1980’s and has been evolving ever
since, which leads to a vast amount of definitions in this
research area. Argyris and Schön [12] started by stating
that organizational knowledge consists of new insights
on the company level. Fiol and Lyles define
organizational learning as changes in both declarative
and procedural knowledge driven by experience and
associations between past actions and its effect on future
actions. Cumming and Whorley [13] summarize the
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debate by defining it as a change process which enables
an organization to acquire new knowledge through
experience. These change processes can happen on
three different levels: the individual, the group and the
institutional level [14]. When it comes to the underlying
processes, research shows that organizational learning
and the underlying memory of a company resemble an
individuals' learning process [15], and that a company
learns and forgets through its members [16]. Studies
could show the direct relation between employees’
knowledge and the overall corporate knowledge [18,
19]. Since both are related, they can influence each
other in both directions: individual knowledge of
employees can have a direct impact on corporate
performance, e.g. in case of innovation [19], but also the
company could influence an employee’s memory by
changing the work environment (e.g. using different
memory cues [20]).
Thus, the individual learning processes play a major
role in understanding organizational learning in general
and one has to be accompanied by the other in order to
fully understand the organizational learning process
[21]. Individual learning consists of employees
acquiring new knowledge and by applying it, fostering
new skills, adopting new attitudes and consequently
developing new competencies that are relevant for the
company [14]. Taken together, organizational learning
is a complex interplay between individual and
institutional knowledge acquisition, skill development
and the establishment of shared beliefs in order to
initiate change processes [22].

2.2 Forgetting
While organizational learning has long been a
researched field, the process of forgetting in the
organizational context is increasingly coming into focus
[23]. Forgetting, although often enough perceived as a
malfunction and imperfection of the human brain, is
actually an essential adaptive function [24]. By
suppressing and arranging memory content which is not
needed any more, the human brain makes it possible to
handle the huge amount of information which is
gathered at all times through all senses [25]. This
positive approach towards forgetting is also captured
under the concept of intentional forgetting. It is defined
as the motivational attempt to restrict the recall of a
memory item [26]. Its purposeful nature separates it
quite strongly from the classical form of forgetting,
which happens unintentionally and often unrecognized
[27]. Especially in the context of changed working
processes, intentional forgetting plays a major role since
the learning of new practices alone does not guarantee
the correct performance of those processes.
Additionally, the old, obsolete exertions need to be
forgotten in order to establish the correct performance

of the new [2]. Thus, in practice, knowledge acquisition
is not solely about learning, but rather an intertwined
process of learning, forgetting and unlearning [28].
Individual and organizational forgetting differ most
in the fact that on the individual level only one single
person has to forget and on the organizational level all
persons as well as all systems have to forget in order to
cause a former part of organizational knowledge to be
forgotten [29]. Organizations are made up of standard
operating procedures and routines that organize the
interplay between employees and systems [30].
Therefore, each single actor, person as well as system,
is able to recall what to forget. This makes
organizational forgetting much more complex than
individual forgetting. Nevertheless, individual
forgetting is one precondition for organizational
forgetting.

2.3 Prior knowledge
As argued above, one key component influencing
organizational competence is the process of
organizational learning, both on the group as well as on
the individual level [31]. Subsequent research shows
that organizational learning entails different
subprocesses [32], namely knowledge acquisition,
knowledge
distribution,
interpretation
and
organizational memory. For the latter, the process of
forgetting and intentional forgetting can be
subordinated. Intraindividual factors can potentially
influence these subprocesses, thus influencing learning
and intentional forgetting in organizations [33].
One of these influencing factors is the individual
level of prior knowledge. We can remember new
information better when it relates to knowledge
structures we already have memorized [34]. Ausubel
ascribed this as the most important single factor for
learning: what the learner already knows [35]. Prior
knowledge entails all knowledge (as acquisition of
information) and skills (as application of knowledge) of
a person in a particular domain including knowledge
assets connected through close links, which build a
functional unit [36]. In turn, these units can be used in
an integrated way when dealing with domain-specific
problems [37]. Research in various fields succeeded in
supporting this hypothesis [39, 40, 41]. The underlying
reason is supposed to be that the increase in taskrelevant knowledge facilitates the formation of new
associations in the hippocampus which is accompanied
by increased communication between the hippocampus
and semantic process areas [36]. In order to use prior
knowledge, it has to be activated by retrieving stored
information from the long-term memory and keeping
this information available in the working memory [41].
The role of prior knowledge in the organizational
learning and forgetting context is not fully examined. It
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can be argued that the benefits of individual prior
knowledge have positive effects on the above
mentioned subprocesses of organizational learning,
namely knowledge acquisition and knowledge
interpretation, as employees have more knowledge at
hand to interpret and understand organizational change
processes. Additionally, research shows that training
employees, which can be considered to be one way of
generating prior knowledge, has positive effects on job
performance [43, 44], which in turn can be perceived as
an improvement for the process of organizational
learning. To our knowledge, the influence of prior
knowledge on intentional forgetting in the working
context has not yet been examined.

2.4 Retentivity
Investigating the interplay of learning and forgetting
in mastering the change of a production process,
retentivity describes the individual ability to memorize
and reproduce information and associations that were
learned a short time ago. It is the ability to store and
recall information in the short and medium term [45, 46,
47].
Retentivity is a facet of fluid intelligence based on
the modified model of primary mental abilities [46]
from Spearman´s concept of intelligence [48].
Retentivity as primary mental ability consists of three
content abilities: verbal (e.g. communication skills),
numerical (e.g. mathematical skills) and figural
memorization (e.g. spatial skills). Studies could prove
that all three facets affect work performance and
learning-performance in general [49, 50, 51, 52].
When it comes to the organizational context, one
study picks up on the idea of seeing retentivity as an
influencing component in the learning process. Lytras,
Pouloudi and Poulymenaku [53] succeeded in showing
that retentivity in the work context affects learning
significantly. If the recipient lacks retentive capacity or
motivation, knowledge transfer is impaired.
Otherwise, retentivity in the organizational learning
context has been studied solely by focusing on the skill
level [50], thus taking a more practically oriented
perspective. Again, research has been conducted to
show that skill retention is influenced by a vast number
of factors, e.g. overtraining or the retention interval
[54]. It is arguable that similar factors might apply to
retentivity of theoretical information in a company.
Interestingly, Kluge and Frank [55] were able to show
that the opposite process, namely skill decay, is not
equivalent to knowledge decay in the underlying
procedure. To be precise, knowledge decay appears to
manifest less strongly than skill decay. Thus, it remains
unclear whether the same processes influence
knowledge retentivity and skill retention.

Focusing on the relationship between forgetting and
retentivity, it seems intuitive to consider them as two
contrasting constructs, as high retentivity can be
suggested to hinder the process of forgetting. MacLeod
[56] conducted two experiments that support that
intuition. He examined long-term retentivity measures
in a sample of undergraduate students that received
instructions of either remembering or forgetting given
categories. In the first experiment, recognition and cued
recall measures were better for categories that were
attached to the remember instructions. The second
experiment included two subsequent weeks as retention
interval. Again, categories of the remember instruction
were superior than categories of the forgetting
instruction. Thus, the study seems to support the idea
that the directed forgetting effect affects retentivity over
time. In another study, researchers were able to
demonstrate that directed forgetting works early on in
life and that its influence on retentivity is more complex
[57]. Pre- schoolers were asked to learn a list of
everyday objects and then either forget or remember
that list. Afterwards, they had to learn another unrelated
list of words. Results show that children in the
forgetting condition had difficulties in remembering the
first list, whereas they demonstrated increased retention
rates for the second list. Consequently, directed
forgetting might reduce a person’s retentivity for
irrelevant information, but facilitates learning of new
information in turn. Having this in mind, retentivity and
forgetting seem to be more related than expected.
Again, the construct of retentivity is seen as a
consequence of (intentional) forgetting, not as an
influencing component. More research is needed to find
out whether these relationships can also be applied to
the work context, especially in the work context of a
changing situation.

2.5 Demographical change
A topic to keep in mind is the influence of age on
the cognitive processes of learning and forgetting. The
demographic change is omnipresent, also in the work
4.0 context. According to European and American
studies, the proportion of older employees in these
countries is constantly rising [58, 59, 60]. Studies show
that age influences the learning process in manifold
ways. In general, cognitive memory processes decline
with age, especially with regards to the episodic
memory [61, 62]. Tasks such as list recall [62] or item
recognition [63], which are associated with the
functioning of episodic memory, have been found to
underlie age effects. Although the phenomenon is
manifold, the most common underlying reasons in the
case of a healthy brain are the age-related deterioration
of brain structures due to the weakening of neural
circuits as well as the decrease of white matter
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especially in memory-related areas such as the
prefrontal cortex and the hippocampus [64]. Salthouse
[62] found that this general cognitive decline starts early
in adulthood, between 20 and 30 years of life, but not
all aspects of cognitive functioning are equally
concerned. Following an analysis based on 5,391
participants, memory, in particular, decreases
constantly with age, starting from the early twenties
[65]. By means of a conclusive literature review,
Umanath and Marsh [66] found that prior knowledge
can have a positive impact on older people's learning
behavior by potentially compensating for age-related
cognitive decline in memory [67]. Specifically,
literature shows that prior knowledge is most helpful for
environments in which a person’s expectation matches
the information that needs to be remembered [68].
When it comes to the organizational context, the
picture is inconsistent. Whereas some studies argue that
older employees, with “old” not being specified further,
perform worse due to cognitive and physical decline
[69], other studies argue that no difference in age groups
can be found [70, 71]. Experienced based knowledge
was found to be an advantage for older employees in
dealing with complex work problems [72].
Murphy [73] argues that the relationship between
cognitive processes and job performance depends on the
situation. Accordingly, age-related cognitive decline
can act out on transitional situations in which employees
need to acquire new knowledge, whereas the decline is
less impactful in situations of maintenance and job
stability. It is arguable that older employees have
gathered experienced based knowledge over their
lifespan, which can be seen as a form of prior
knowledge. This, in turn, might compensate for age
related learning deficits in the context of work when it
comes to learning content that is related to existing
knowledge.

2.6 Research questions
As outlined above, prior knowledge works as a
foundation and anchor for new information to be
learned. Thus, we propose that the more prior
knowledge a person contains about a production work
setting, the more accurate the acquisition and
performance of the production process will be
(Hypothesis 1). In addition to that, the acquisition of
new knowledge in a short time relies on the person’s
retentivity level. Thus, we propose that the higher the
retentivity, the more accurate the acquisition and
performance of the production processes (Hypothesis
2). This also includes intentional forgetting, as it
requires remembering partly contradicting informa-tion
to the already acquired information which was learned
a short time before.

Since older employees (above 30 years) potentially
entail more prior knowledge which can compensate for
cognitive decline, we don’t expect an age effect in
learning (Hypothesis 3). Additionally, since retentivity
rates decline with age, starting in the early twenties [66]
those actions which need to be relearned quickly
(intentional forgetting) should decrease for older
participants, which could be expressed twofold: by
worse performance and by slower performance
(Hypothesis 4).

3. Experimental design
The experiment took place at the Research and
Application Center for Industry 4.0 (RACI) at the
University of Potsdam, Germany. From January until
August 2018, 41 participants, which were mostly
students, took part in the study. They were all acquired
via social media and university lectures. As a
compensation, they got 40€ for the completion of the
whole experiment. The participants were 58,5% male,
with a mean-age of 26.63 years (SD = 7.63, range from
20 to 61 years). No one had experience with the
experimental setting.

3.1 The experimental environment
In order to assess forms of forgetting, participants
first had to build up some knowledge which could then
be instructed to be forgotten. Thus we created an
experimental design with two laboratory sessions and a
delay of three weeks in which the participants
consolidated the learned information from the first
session using an online application. The RACI provides
a hybrid production simulation with hardware and
software components from real production settings [74].
It can be used to mimic a realistic factory environment,
which still can be controlled to serve an experimental
purpose. Participants can interact with the hardware
components like machine interfaces, robots, scanner
and computer. Fitting visual and audible stimuli are also
presented, with the aim to enhance the participants
immersion [74]. In the experiment, the simulation case
of a knee joint production is presented, which stems
from a real production setting, with original photo and
audio footage. This scenario was chosen because the
enforcement of a rigid production procedure is plausible
in the context of high quality standards for a medical
product. Plus, we assumed this specific knowledge
about knee implants is new for every participant.
In the production process, the knee joint undergoes
the whole manufacturing chain from the blank in the
warehouse to the finished product being packed. Three
workers are included, working on three separate
working stations. The workpiece is represented as a
“cube” which moves over an assembly line (compare
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app which mimics the laboratory setting. They are
instructed to use the app at the 7th and 14th day after the
first session for about 30 minutes each. At the 21st day
they again come to the laboratory once again (t2) with
the expectation to repeat the routine they had learned the
last time. However, we explain that due to a fusion of
the company where the production process comes from,
certain features of the process had to be adapted and
thus have to be done differently in the subsequent
session. Again, with the help of a manual they learn
about the changes and get one working piece to practice.
After that, again they are supposed to produce as many
correct pieces as possible within 40 minutes.

3.3 Data acquisition
Figure 1. Big cube with station: Machine for
worker 1. Small cube: work piece on the assembly line
small cube in Figure 1), passing all three working
stations (compare big cube in Figure 1). For the first
station, the blank is taken from the warehouse and put
on the assembly line. The worker measures its size,
miles and grinds it. It is then sent to the next working
station where the second worker uses a robot to laser
and polish the working piece. At the third working
station, the piece is checked for quality standards,
sterilized and packed for transportation. Each working
station consists of a big cube representing the machine
with a touch-screen as a machine interface. Those are
attached to the assembly line, so the work piece can be
located inside the machine. For worker two, the
machine-cube is used to control the robot which lasers
and polishes the work piece at the assembly line. The
whole production process is enriched by the use of
diverse materials, like a scanner, caliper, diverse
polisher, cardboard and diverse paperwork. The three
working stations entail specific actions for the
participants, so they become experts in their specific
role. There are also actions which are the same for all
three workers that concern the registration of each new
work piece at the production data acquisition (PDA)
station.

3.2. The experimental setup
For each experimental run, a group of three
participants come to the laboratory and are assigned to
a working position by chance. They acquire the specific
production routine with the help of a manual and
guidance from the investigator whenever needed. The
first three working pieces are for practice, followed by
a 40-minute free production phase, where the team is
supposed to produce as many correct pieces as possible.
After the first laboratory session (t1), all workers
practice the working routine at home using an online

At the beginning and end of each laboratory session,
questionnaires were used to collect personal data as
control variables. Besides general sociodemographic
data, several scales about general and specific selfefficacy, immersion, subjective switching costs,
previous knowledge (PK), and retentivity (Ret.) were
assessed. Only the latter two are important in the context
of this paper. The part of PK contains eleven questions
with content relevant to the production context of the
experiment (scale was self-constructed, e.g. “What is a
QR-Code?”, “What means sterilization?”) and was
assessed right at the beginning of t1. For each question,
four possible answers were presented, where one to four
could be correct. The higher the score of a participant,
the better his/her knowledge of general manufacturing
settings. Retentivity was assessed at the end of t2 using
the retentivity-subscale of the Wilde-Intelligenz-Test-2
(Wilde intelligence test – 2, [46]).
Concerning the performance of the production
process, there were three different sources of data from
the experiment. First, logfiles from direct interaction
with computer interfaces on the machines and the PDAterminal. Second, the participants were wearing eyetrackers so their activities could be tracked and added to
the data set. Third, the production process is
accompanied by various paperwork where the
participants had to write down and highlight certain
information. In total, taking all three workers together,
99 action elements are assessed for each work piece
they produce. From those, 45 are of interest when
looking at individual forgetting-performance, since
those include the changes from t1 to t2 (for a more
detailed explanation of the experimental setting see
[20]).
For each worker there is one precisely defined
correct routine for t1 and t2, respectively. Thus, the data
from all three sources is judged as either correct or false
for each specific action, dependent on whether the
participant performed the actions as the routine of t1 or
t2 demands it. Furthermore, a Neutral category is
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assigned in case an action cannot be clearly evaluated
as either correct or wrong, as some elements are
imprecise, which is then treated as missing data.
The performance at t1 is taken as a measure for
learning, resulting in an overall correct (Correct t1) vs.
false (False t1) performance score. Performance scores
for t2 are comprised of several sub-scores, as the new
routine includes different changes in regard to the t1
process: insertions (new actions at t2), omissions
(actions were present at t1 but deleted at t2) and changes
(action was present at t1 and is changed at t2). For the
last two, a process of intentional forgetting is assumed,
as these require the participants to suppress the original
routine from t1 for the sake of the newly learned routine.
The overall correct vs. false performance at t2 is again
combined to an overall score (Correct t2, False t2), with
errors concerning intentional forgetting as a separate
score (False IF).

4. Analysis section
In order to test the hypotheses, means and standard
deviations are computed for all performance scores, as
well as in dependence of prior knowledge and
retentivity (compare Table 1). PK reached a mean of .70
(SD = .14, range of .42 to .92) and Ret. reached a mean
of .34 (SD = .14, range of .19 to .86).
Hypothesis 1 stated a positive relation between PK
and learning performances. The overall correct actions
at t1 show the proposed relation with a Pearsoncorrelation for PK of: r(39) = .32, p = .048. However,
when the participants with high scores for PK are
compared to those with lower scores, no differences for
the means of the learning performance measures emerge
(compare Table 1).
Addressing hypothesis 2, a positive relationship
between retentivity, learning and intentional forgetting
measures was proposed, which could partly be found:
retentivity shows a Pearson-correlation with Correct t1
of r(39) = .35, p = .027, and with a sub-score of False t2
(failures to perform new actions at t2) r(39) = -.32, p =

Table 1
Means (standard deviations) of the performance scores with a division for high and low performer as well as the
ten oldest vs. ten youngest participants, with significance testing (one-sided) for the subsamples.
N
Overall

41

better PK

20

worse PK

20

t (DF = 38)
(p)
better Ret.

22

worse Ret.

18

t (DF = 38)
(p)
Youngest
(20-22y)
Oldest
(30-61y)
t (DF = 18)
(p)

10
10

Correct
t1
.71
(.11)

False
t1
.37
(.62)

Correct
t2
.71
(.12)

False
t2
.30
(.13)

False
IF
.07
(.06)

.81
(.07)
.58
(.09)
-9.02
(<.0001)

.74
(.08)
.69
(.12)
-1.55
(.07)

.27
(.12)
.48
(.88)
1.06
(.15)

.73
(.10)
.71
(.13)
-.55
(.30)

.29
(.11)
.32
(.15)
.72
(.24)

.07
(.06)
.07
(.07)
0.00
(.50)

.73
(.05)
.51
(.13)
-7.32
(<.0001)

.75
(.10)
.66
(.10)
-2.70
(.005)

.41
(.85)
.31
(.14)
-.52
(.30)

.74
(.10)
.69
(.13)
-1.50
(.07)

.26
(.10)
.35
(.13)
2.41
(.01)

.05
(.04)
.09
(.08)
1.98
(.03)

21.00
(.82)
36.40
(9.94)
4.88
(<.0001)

.69
(.07)
.69
(.14)
0.00
(.50)

.34
(.11)
.70
(1.23)
.92
(.18)

.72
(.11)
.66
(.18)
-.90
(.19)

.33
(.12)
.30
(.16)
-.47
(.32)

.06
(.08)
.10
(.08)
1.12
(.14)

m

Notes: PK = prior knowledge, Ret. = retentivity, correct = overall score for all correctly performed actions at t1 and t2, false = overall score
for all falsely performed actions at t1 and t2, False IF = overall score for falsely performed actions which required intentional forgetting,
DF = Degree of freedom for t-Test (one-sided).
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.04. Participants with higher scores in retentivity have
significantly more correct performances at t1 (t(38) = 2.70, p = .005), and significantly less failures in t2 (t(38)
= 2.41, p = .01) compared to those with lower scores.
Further, participants with higher retentivity scores make
significantly less intentional forgetting failures.
For hypothesis 3, it was stated that older employees
potentially entail more prior knowledge which can
compensate for cognitive declines, which would lead to
no age differences in learning. However, no superiority
of prior knowledge for older participants could be
found. Further, only the ten oldest participants showed
a significant high Pearson-correlation with Correct t1
performance with PK (r(18) = .67, p = .048) and Ret.
(r(18) = .83, p = .006).
As retentivity slows down with age, the learning and
intentional forgetting performance of those processes
that have to be learned fast should be worse for older
participants (Hypothesis 4). As it can be seen in Table
1, older participants do not perform worse compared to
the younger ones. However, older participants are
slower: at t1, the overall time for the whole process is
significantly longer compared to younger participants
(moldest = 5376.40sec,
SDoldest = 528.75sec.
vs.
myoungest = 4988.70sec., SDyoungest = 248.82sec.,
t(18) = 2.09, p = .05). This does not hold for t2, as older
participants are as fast as younger ones
(moldest = 3783.20sec,
SDoldest = 971.61sec.
vs.
myoungest = 3728.52sec., SDyoungest = 750.82sec.,
t(18) = .10, p = .92).
When checking for gender as a moderator a pattern
emerged, as the relation between retentivity and the
performance at t1 is only significant for women (Correct
t1: r(16) = .52, p = .039; False t1: r(16) = -.652, p =
.006). In line with that, sub-scores about the
performance at t2 only show high correlation with
retentivity for women (correctly performed changed
actions at t2: r(16) = .54, p = .031, correctly performed
new actions at t2: r(16) = .73, p = .001; falsely
performed new actions at t2: r(16) = -.82, p = .0001,
correctly not performing deleted actions from t1 at t2:
r(16) = .59, p = .017). All those performance measures
correlate close to zero for men and are non-significant.

5. Discussion
The purpose of the study was to investigate the
relation between prior knowledge, retentivity and the
performance at a new and later changed production
process in the most realistic and practical fashion.
Whereas most experimental studies examined memory
related performances in more abstract ways, through list
learning and different recall strategies, we aimed to
investigate the complex pattern of learning and

forgetting with a simulation of a real-world scenario of
a production process. The relations found are partly in
line with the literature, but do not always present a clear
pattern of the relations between those constructs. The
rapid acquisition of a new and complex production
process is essentially supported by the level of
retentiveness a person holds. Participants with higher
retentivity scores perform more correct actions during
the first experimental session and also make fewer
mistakes when the process is changed at the second
session. This might indicate a certain competence to
rapidly adapt to new actions, which participants with
lower retentivity scores did not show.
Concerning the specific intentional forgetting measures,
participants with higher retentivity were better at
performing actions which demanded intentional
forgetting, compared to those with lower scores. Thus,
our study manifests retentivity as beneficial for short
term learning and adaptation of already established
knowledge.
However, this effect could not be found for all
performance scores, so the results need to be interpreted
with caution. The results based on age show a clearly
slower performance for older participants when the
production process was totally new at the first session.
This speed-difference was made up at the second
session, as no age-effects could be found. Also, for the
different performance measures, no age-effect was of
significance. A limiting factor might be the agedistribution of our sample as it is limited for older
participants. This makes the age-distribution for the
oldest 10 much broader compared to the 10 youngest.
However, missing significant differences on the
performance scores based on age-differences could also
be a result of a more realistic research design. As most
classical designs for assessing learning and forgetting
include the usage of often quite rigid methods, like list
learning and rehearsing, participants are prevented from
using natural compensatory strategies. Our design
allows for such compensation, which might explain our
results.
Similarly, to the age effects, no performance
differences could be found based on gender. However,
an interesting and persistent pattern emerged where
women seem to rely much more on their retentivity, as
higher scores go along with an overall better
performance (higher correct and lower failure scores).
As men did not show anything close to this pattern, their
performance appears to be unrelated to retentivity and
must rely on factors we did not assess.
We see a great advantage in our rather complex
experimental design especially in the sense of
ecological validity, as we aimed for the most realistic
production setting [75]. To our knowledge, there are no
similar complex designs in the context of production
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process simulations available to compare our study
with. Usually, when analyzing learning and forgetting,
simpler and, for the sake of controllability, more
artificial designs are used [76]. The implications from
this study can be better assigned to real-world change
processes in production settings, where learning and
forgetting is involved. For example, students got paid
for the experiment, which worked as a motivator similar
to a working environment. It is still limited in terms of
generalizability, as not all aspects of an organization
were mimicked in our production setup, and the
production process, though complex for an experiment,
was still modest for a real production. The students in
the study might not be representative of production
workers, especially concerning education and age. In
general, students seem to be different compared to the
general public, as they differ in many personality scores,
attitudes and general cognitive abilities (compare [77,
78]). However, we argue that the usage of a student
sample benefits the aim of studying learning and
forgetting in a production setting. When studying
forgetting, the content that should be forgotten needs to
be controlled precisely. As those students demonstrated
only marginal previous experiences in such working
environments, controllable study conditions are present.
Another limitation arises as scores were used to limit
the complexity. The performance is composed of a great
quantity of individual actions which were performed
repeatedly and then aggregated to scores. However, this
might cover up specifics in the individual’s
performance, which are not analyzed in more detail at
the moment, like focusing on learning and forgetting
curves developing with each single applied production
process.
Overall, our study provides first ideas on how
retentivity and prior knowledge are generally related to
learning and forgetting of working routines, which is
especially important in the context of organizational
change and the frequent technical innovations in a
digital age [3]. Thus, it adds to a corpus of studies that
aim to evaluate paths to cope with frequent change in
the workplace.
As a next step, the mode of action for intentional
forgetting in routines will be analyzed in a group setting.
Most production processes take place in highly dynamic
and socially interactive settings, thus creating the need
to further understand intentional forgetting on team and
organizational levels.
Future studies should look more deeply into the
relation of retentivity and learning and forgetting,
especially to define age differences more precisely. A
similar study with real production workers is needed in
order to fully understand the individually different
working mechanisms for learning and forgetting for

those participants who would actually be affected by
such routine changes.
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